[1] Annual maximum peak discharge time series from 572 stations with a record of at least 75 years in the eastern United States are used to examine flood peak distributions from a regional perspective. The central issues of this study are (1) "mixtures" of flood peak distributions, (2) upper tail properties of flood peaks, (3) scaling properties of flood peaks, (4) spatial heterogeneities of flood peak distributions, and (5) temporal nonstationarities of annual flood peaks. Landfalling tropical cyclones are an important element of flood peak distributions throughout the eastern United States, but their relative importance in the "mixture" of annual flood peaks varies widely, and abruptly, in space over the region. Winter-spring extratropical systems and warm season thunderstorm systems also introduce distinct flood peak populations, with spatially varying control of flood frequency distributions over the eastern United States. We examine abrupt changes in the mean and variance of flood peak distributions through change point analyses and temporal trends in the flood peak records through nonparametric tests. Abrupt changes, rather than slowly varying trends, are typically responsible for nonstationarities in annual flood peak records in the eastern United States, and detected change points are often linked to regulation of river basins. Trend analyses for the 572 eastern United States gaging stations provide little evidence at this point (2009) for increasing flood peak distributions associated with human-induced climate change. Estimates of the location, scale, and shape parameters of the generalized extreme value (GEV) distribution provide a framework for examining scaling properties of flood peaks and upper tail properties of flood distributions. It is shown that anomalously large values of the GEV shape parameter estimates are linked to the role of tropical cyclones in controlling the upper tail of flood distributions. Scaling analyses of flood peaks highlight the heterogeneities in flood magnitudes over the region with maxima in scaled flood magnitudes in the high-elevation Appalachian Mountains and minima in the low-gradient Coastal Plain.
Introduction
[2] Annual maximum peak discharge time series from 572 stations with a record of at least 75 years in the eastern United States are used to examine flood peak distributions from a regional perspective. The central issues of this study are (1) "mixtures" of flood peak distributions, (2) upper tail properties of flood peaks, (3) scaling properties of flood peaks, (4) spatial heterogeneity of flood peak distributions, and (5) temporal nonstationarities of annual flood peaks.
[3] Flood records in the eastern United States reflect hydrologic response associated with a broad range of hydrometeorological settings, including storms associated with tropical cyclones, organized thunderstorm systems and winter-spring extratropical systems [Miller, 1990] . In this study, we examine regional flood peak distributions in terms of the "mixtures" of flood-generating mechanisms. This approach draws on studies that have utilized mixture distributions to model flood peaks [e.g., Waylen and Woo, 1982; Rossi et al., 1984; Hirschboeck, 1987; Arnell and Gabriele, 1988; Waylen, 1991; Murphy, 2001; Morrison and Smith, 2002; Alila and Mtiraoui, 2002] . Landfalling tropical cyclones are a special focus because of their documented importance for flood hazards in the region [Pielke and Landsea, 1998; Rappaport, 2000; SturdevantRees et al., 2001; Pielke et al., 2008; Javier et al., 2010] .
[4] One of the principal motivations for flood frequency analysis is the determination of the frequency of rare events. Its estimation should be as accurate as possible given the implications for design of hydraulic structures, water management, and flood insurance (as well as the associated financial instruments [e.g., Browne and Hoyt, 2000; Carolan, 2007] ). In many applications, we are interested in estimating the magnitude of a flood that on average has a chance of occurring of one in 100 years or longer. Record length makes the accurate estimation of quantiles, like the 100 year flood peak magnitude difficult [e.g., Stedinger et al., 1993; El Adlouni et al., 2008] . In this study, we examine the properties of the upper tail of flood peak distributions in the eastern United States. Statistical procedures centering on the generalized extreme value (GEV) distributions [e.g., Coles, 2001 ] provide a framework for examining upper tail properties of flood peaks.
[5] Morrison and Smith [2002] present regional flood frequency analyses of central Appalachian flood peaks based on the GEV distribution and show that a number of flood records have anomalously large values of the estimated shape parameter. For 28% of the stations analyzed by Morrison and Smith [2002] , the estimated shape parameters imply that flood peak distributions have infinite moments for moments of order 2 and larger. Morrison and Smith [2002] present idealized simulation studies to suggest that the properties of estimated GEV shape parameters are tied to mixtures of "light-tailed" flood populations. Related studies of regional flood frequency are presented by Cunnane [1988] , Smith [1989] , Burn [1990] , Stedinger et al. [1993] , Stedinger and Lu [1995] , Blöschl and Sivapalan [1997] , Burn [1997] , Robinson and Sivapalan [1997] , Hosking and Wallis [1997] , and Merz and Blöschl [2005] .
[6] Scaling properties of flood peaks are of interest both from the scientific perspective of understanding the hydrology, hydraulics and hydrometeorology of flooding [Gupta et al., 1994; Gupta and Dawdy, 1995; Gupta et al., 1996; Robinson and Sivapalan, 1997; Gupta, 2004; Furey and Gupta, 2005; Merz and Blöschl, 2009] and from the practical perspective that drainage area varies in flood records and this variation must be accounted for in procedures that are used for regional flood frequency analysis [Hosking and Wallis, 1996, 1997; Robinson and Sivapalan, 1997] . We examine scaling properties of flood peaks through analyses of the dependence of the estimated GEV location, scale and shape parameters on drainage basin area. Location and scale parameters have been shown to exhibit log-log linearity with basin scale [e.g., Morrison and Smith, 2002; Northrop, 2004] . Scaling properties of the GEV shape parameter play an important role in determining scale-dependent properties of the upper tail of flood peak distributions.
[7] An important assumption underlying many procedures used for the estimation of flood peak distributions is that the time series of instantaneous annual maximum flood peaks is stationary. Annual flood peak times series are stationary provided that their distribution is invariant to translations of time [Brillinger, 2001] , implying that the time series "is free of trends, shifts, or periodicity (cyclicity)" [Salas, 1993] . In the United States, several studies have examined the validity of the stationarity assumption in annual maximum discharge, finding contrasting results [e.g., Changnon and Kunkel, 1995; Gebert and Krug, 1996; Lins and Slack, 1999; Douglas et al., 2000; Groisman et al., 2001; McCabe and Wolock, 2002; Groisman et al., 2004; Small et al., 2006; Juckem et al., 2008; Collins, 2009; Villarini et al., 2009] . Recently, Villarini et al. [2009] performed an analysis of 50 U.S. Geological Survey (USGS) stations with a record of at least 100 years within the continental United States and found that change points were a more common source of nonstationary than linear time trends.
[8] The validity of the stationarity assumption for flood series has been recently questioned [e.g., Milly et al., 2008] , and the scientific community has been challenged to provide new approaches for assessing the risk associated with continually changing frequency distributions of hydrologic time series. Analyses of human-induced climate change point to an acceleration of the hydrologic cycle [e.g., Gleick, 1989; Voss et al., 2002; Held and Soden, 2006] , that will lead to increasing frequency of extreme events, both drought and flood [e.g., Nijssen et al., 2001; Voss et al., 2002; Groisman et al., 2004; Milly et al., 2005] . Flood records in the United States will play an important role in detecting changing frequency of floods associated with human-induced climate change, due to the exceptional observing record that has been developed and maintained by the USGS [USGS, 1998; Blanchard, 2007] .
[9] In this study we expand the work by Villarini et al. [2009] focusing on instantaneous annual maximum peak discharge in the eastern United States and considering stations with at least 75 years of record. We investigate the validity of the stationarity assumption by looking first for abrupt changes in the mean and variance of the flood peak records, which could be due to both climatic as well as anthropogenic effects (e.g., climatic regime shifts, stream gage relocation, changes in the land use-land cover [Potter, 1979; Alley et al., 2003; Villarini et al., 2009] ). The nonparametric Pettitt test [Pettitt, 1979] is used to perform the change point analysis. Following the change point analysis, we evaluate the presence of linear trends using two nonparametric tests (Mann-Kendall and Spearman).
[10] The paper is organized as follows. In section 2 we describe the data and provide a brief description of change point and trend tests, of the regional scaling model, and of the modeling strategy to assess the impact of tropical cyclones on the upper tail of the flood peak distribution. Section 3 describes the results of our analyses. In section 4 we summarize major conclusions and discuss future research.
Data and Methods

Data
[11] The eastern United States study region extends from Florida to Maine, and as far west as Louisiana (Figure 1) . Analyses are based on annual flood peak observations from 572 USGS gaging stations with a record of at least 75 years. These stations are distributed across the study region, with a somewhat smaller number of stations in the western part of the domain.
[12] Many of the drainage basins represented in the sample of 572 gaging stations have experienced significant anthropogenic modification, associated with regulation by dams and changes in the land use/land cover [e.g., Magilligan and Stamp, 1997; Magilligan and Nislow, 2001; Negley and Eshleman, 2006; Ferrari et al., 2009 ] (see Villarini et al. [2009] for additional discussion). We do not attempt to identify "natural" drainage basins for our analyses, but adopt the point of view that alterations to basin properties is the norm for flood records, both in the United States and throughout the world, and that analyses of flood peak distributions should provide a broad view of the regional flood peak distribution that reflects anthropogenic changes [e.g., Potter, 1991].
[13] To evaluate the effects of landfalling tropical cyclones on flood peak distributions, a key step is the association of a flood peak with a particular tropical cyclone. In this study, a flood peak is associated with a tropical cyclone if its center of circulation is within 500 km of the gaging station during a time window of two weeks around the occurrence time of the flood peak [see also Waylen, 1991; Hart and Evans, 2001] . These values were selected to reflect the spatial extent of tropical cyclone rainfall and the environmental conditions leading to the passage of the tropical cyclone. Information about the tropical cyclone tracks are obtained from the HURDAT "best track" data from the NOAA National Hurricane Center [e.g., Jarvinen et al., 1984; Neumann et al., 1993] .
Change Point and Trend Analyses
[14] In this study, we use the nonparametric Pettitt test [Pettitt, 1979] as in the work by Villarini et al. [2009] for change point analyses (see Reeves et al. [2007] for a review of different tests). It is a rank-based test that uses a version of the Mann-Whitney statistic to test whether two samples X 1 , .., X m and X m+1 , .., X n come from the same population. It allows detection of changes in the mean when the change point time is unknown. Advantages of this test are that it is less sensitive to skewed distributions and outliers than parametric methods and that it is possible to compute the p value of the test statistic using the approximate limiting distribution presented by Pettitt [1979] . Even though it is possible that multiple change points are present in a time series, we assume that no more than one is present in order to avoid segmenting the series into multiple subseries, limiting our capabilities to perform meaningful trend analysis.
[15] Villarini et al. [2009] highlighted the importance of performing change point analysis not only in mean but also in variance. In this study, changes in variance are tested by applying the Pettitt test on the squared residuals [e.g., Pegram, 2000; Villarini et al., 2009] , computed with respect to a line obtained by means of local polynomial regression (loess function [Cleveland, 1979] with a span equal to 0.75).
[16] Evaluation of the presence of temporal trends in annual maximum peak discharge is based on two widely used nonparametric tests, the Mann-Kendall and Spearman's rho tests [e.g., Helsel and Hirsch, 1993; McCuen, 2002; Kundzewicz and Robson, 2004] . The use of two tests provides a clearer indication of the presence or absence of a trend [e.g., Zhang et al., 2004] . For the sake of brevity, we do not discuss these tests since they have been extensively described in the literature (see Helsel and Hirsch [1993] for thorough treatments). 
Extreme Value Distributions
[17] The sample of flood peak observations that are used for frequency analyses consists of annual maximum instantaneous discharge from m stream gaging stations over a period of n years. The random variable X ij will denote the annual flood peak from the ith gaging station, with i ranging from 1 to m, and for the jth year, with j ranging from 1 to n. For each station, we have a vector of covariate information including the drainage area A i . For stations that satisfy both the stationary assumption and the assumption that annual flood peaks are independent random variables from year to year, we represent the flood peak distribution at a site by the cumulative distribution function
An alternative representation is through the quantile function:
[18] The generalized extreme value (GEV) distribution has been widely used for hydrologic extremes, based on both theoretical and practical considerations [e.g., Stedinger and Lu, 1995; Hosking and Wallis, 1996; Katz et al., 2002] . From a theoretical perspective, the GEV represents a limiting distribution that results from the operation of taking the maxima of independent and identically distributed or weakly dependent random variables [Leadbetter, 1983] . The GEV can also be represented as a seasonal mixture of random GEV or exponentially distributed random variables, where the parameters vary seasonally [Waylen and Woo, 1982; Rossi et al., 1984; Morrison and Smith, 2002] . The cumulative distribution function of the GEV takes the form:
where m 2 [−1, +1] is the location parameter, s 2 (0, +1] is the scale parameter, and x 2 [−1, +1] is the shape parameter. For x > 0, the distribution is unbounded above. For x < 0, the distribution is bounded above with an upper bound of m-s/x. The Gumbel distribution is the special case for x →0 and corresponds to the case of unbounded, "thin" upper tails.
[19] The GEV provides a useful tool for examining tail properties of flood peak distributions. The estimation of the three parameters of the GEV distribution is performed by means of L moments method [Hosking, 1990] (we also estimated the parameters using maximum likelihood esti- mators and the results were qualitatively the same). We will use the shape parameter x as an index of upper tail properties [e.g., Morrison and Smith, 2002; Resnick, 2006] . We will focus, in particular, on the role of tropical cyclones in shaping the upper tail thickness of flood peak distributions for the eastern United States (see Resnick [2006] and Coles [2001] for detailed discussions).
Regionalization Analyses
[20] Scaling analyses will focus on power law relationships between flood quantiles Q i ( p) and drainage area A i :
The scaling functions a(·) and b(·) are computed by means of the Levenberg-Marquardt algorithm, and A 0 represents a reference drainage area. The power law relation is able to describe well the data and examination of the errors does not highlight any significant problem. In this study we take A 0 to be 1000 km 2 . The function a( p) (in m 3 /s) represents the flood magnitude that has annual exceedance probability 1-p for a basin with drainage area A 0 .
[21] Normalized quantiles can be computed for each gaging location using the coefficients from equation (4).
We evaluate the heterogeneity of flood peak distributions through the normalized 1000 km 2 flood magnitude:
whereQ i ( p) is the sample quantile estimator for flood magnitudes with return interval 1/(1-p);( p) and( p) are estimators of parameters for the regional scaling relationship of equation (4). R i ( p) is the ratio of the at-site quantile estimator to the regional scaling estimator for a basin of the same drainage area, and it represents the flood peak value that the station would have measured for the case in which A i had been equal to 1000 km 2 , normalized by the peak flood value (for the same quantile p) for the 1000 km 2 obtained from the scaling relation. A value larger (smaller) than 1 would indicate that flood peaks at station i are larger (smaller) than the regional norm.
[22] To evaluate changes in regional flood peak distributions over time, we examine the temporal dependence of the scaling parameters in a power law model of the form
where the subscript j refers to the year and i to the station. The power law relation is able to describe well the data whereâ j andb j are estimates of a j and b j . We use the scaled time seriesŶ j to evaluate stationarity of flood peaks from a regional perspective.
Results
Stationarity
[23] In this section we examine the validity of the stationarity assumption. As mentioned in the Introduction, this assumption is not evaluated only by looking at the presence of a linear trend, but also by looking for the presence of abrupt changes both in the mean and variance of the flood peak distribution. Preliminary analyses on the autocorrelation function showed that about 10% of the stations exhibited a lag-1 value statistically different from zero. The presence of statistically significant autocorrelation could have an impact on the significance of the linear trend tests [e.g., Kulkarni and von Stroch, 1995; Hamed and Rao, 1998; Yue and Wang, 2002] . As written by Cox and Stuart [1955] , "positive serial correlation among the observations would increase the chance of significant answer even in the absence of a trend." Another issue with the tests for linear trends is related to the presence of long-term persistence [e.g., Hurst, 1951; Beran, 1994; Koutsoyiannis, 2006] , which could affect the significance of these tests as well [e.g., Koutsoyiannis and Montanari, 2007; Hamed, 2009; Cohn and Lins, 2005] . In this study, we do not apply any correction to account for the possible presence of serial correlation or long-term persistence, and it is possible that some of the results of the trend tests happen to be significant, even though no trend is present.
[24] Change point analyses using the Pettitt test show that 27% of the 572 stations exhibit a change point in mean and 29% exhibit a change point in variance (Figure 2) at a 5% significance level (about 14% of the stations exhibit a change point both in mean and variance). For almost 60% (65%) of the stations with a statistically significant change point in mean (variance), we observe a decrease in mean (variance) after the change point. Many of these stations are concentrated in the northeastern United States, particularly northern West Virginia and Ohio. The case of change points in Ohio reflects the effects of the history of reservoir regulation. After the flood of the Miami River in 1913, the Miami Conservancy District began construction of a series of dams in the river upstream to mitigate the impact of events like the 1913 flood; similar developments took place in the Ohio River basin through the activities of the U. S. Army Corps of Engineers [e.g., Billington and Jackson, 2006] . Increasing means tend to be concentrated in the New Jersey and the Northeastern states, while many of the abrupt decreases in mean are located along the Appalachian mountains and Ohio. As far as change points in variance are concerned, we have abrupt increases mostly in New Jersey and along the Appalachian mountains, and decreases to the east and west of these mountains. [25] For the stations with a significant change point, we inspected the metadata associated with their record. In more than 40% of the cases, we found that the years from the change point analysis corresponded closely to years in which the USGS reported effects of regulation or changes in the land use/land cover, as well as cases in which the gaging station was moved to a different location. These results highlight the importance of investigation of the metadata in studies investigating the stationarity assumption [e.g., Potter, 1979; Villarini et al., 2009].
[26] Following the change point analysis, the presence of linear trends on the entire series was examined by means of Mann-Kendall and Spearman tests. We tested the entire series in the case in which no statistically significant change point in mean was found. For cases in which change points in mean were detected, the sample was split into two subseries and trend analyses were carried out for each subseries. We have summarized the results for Mann-Kendall test in Figure 3 and for Spearman test in Figure 4 . In the top plots we show the results for the series without change point, Figure 8 . Plot of the parameters of the GEV distribution are a function of drainage area for the stationary series.
while in the middle and bottom plots we show the results for the series before and after the change point, respectively. All the results are significant at the 5% level.
[27] The vast majority of the flood series do not exhibit a statistically significant linear trend (Figures 3 and 4) . Most of the stations with a negative trend tend to be in the southern part of the study domain, while those with a positive trend are concentrated in the northern part of the domain. This does not imply that there is a positive linear increase in the northeastern United States or a negative one in the southeastern United States, given the overwhelming number of stations that do not exhibit a significant trend. The same basic conclusions hold for stations with change points. In Figures 3 (middle) and 4 (middle) we illustrate the locations of stations with trends before the change point. Similar conclusions can be drawn for the series after the change points, even though the number of positive and negative trends tend to be similar. The large majority of series for which we have a statistically significant trend appear to be in the northern part of the domain [e.g., Collins, 2009] .
[28] A regional examination of flood peak stationarity was carried out using equation (6). We begin by considering all stations, regardless of the validity of the stationarity assumption. Estimated values of the time-varying scale parameters, a j , b j , and normalized flood magnitudesŶ j suggest that regional flood distributions change in the late 1960s ( Figure 5 ). Tests for change points for each of the four time series indicate a change point in mean. In all cases, the year of the detected change point in mean is in the late 1960s or early 1970s.
[29] We have also evaluated the validity of the regional stationarity assumption in time by including only the stations for which the stationarity assumption was satisfied ( Figure 6 ). In this case, no statistically significant change point in mean and no linear trends were detected for any of the time series.
Mixture Distributions
[30] Mixture distributions are examined through the use of seasonality as a surrogate for distinct flood-generating mechanisms and a direct analysis of flood frequency from tropical cyclones. We use March-April (MA) flood peaks as a surrogate for flood peaks from winter/spring extratropical systems and June-August (JJA) flood peaks as a surrogate for flood peaks from organized warm season convective systems (Figure 7) . Events that are classified as tropical cyclone floods are not included in MA or JJA counts.
[31] There is striking spatial heterogeneity in the frequency [32] There is a local minimum in tropical cyclone peaks in the southeastern United States, between the south Florida peak and the eastern seaboard peak (Figure 7 ). This feature is consistent with analyses of Hart and Evans [2001] , showing decreased tropical cyclone rainfall accumulations in this region, relative to surrounding areas of the eastern United States. Hart and Evans [2001] attribute the decreased rainfall accumulations to properties of extratropical transition of tropical cyclones in the southeastern United States.
[33] Extratropical systems during March and April account for a large fraction of flood peaks in both the northeastern portion of the study region and in a portion of the southeastern United States, centered on south Georgia, Alabama and north Florida (Figure 7 ). In the northeastern United States, up to 80% of the maximum flood peaks occur in the MA period. They are often linked with rain and snowmelt. The March-April flood peaks in the southeastern United States are also associated with powerful spring extratropical systems. In the southeastern United States, these systems are often organized convective systems which produce both heavy rainfall and severe weather.
[34] The JJA period is the time of the year in which almost a third of the peaks occurs in Florida. In the OhioPennsylvania area, these peak discharges are caused by organized thunderstorm systems. Some of the largest rainfall accumulations in the world [World Meteorological Organization, 1986] and the largest flood peaks in the eastern United States at small drainages [Miller, 1990] are associated with organized thunderstorm systems centered on mid-July.
Extreme-Value Distributions and Tail Properties
[35] In this section, we examine scaling and upper tail properties of flood peaks through modeling of annual maximum peak discharge records using the GEV distribution. We also evaluate the impacts of tropical cyclones on Figure 9 . Plot of the shape parameters from the entire series versus the series after removing the peaks caused by tropical cyclones.
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Figure 10. (top) Map of the shape parameters of the GEV distribution for the stationary series and (bottom) map with the differences in the shape parameter between the entire record and the record after removing peaks caused by tropical cyclones for the stationary series (interpolation performed by means of inverse distance weighted method). the upper tail of flood peak distributions for the eastern United States. We use only the subset of stream gage stations for which the stationarity assumption was verified both in terms of change point and linear trends (there are 288 stations that fulfill these requirements). We check for the validity of the independence assumption and only ten stations exhibited a lag-1 value slightly outside the 95% confidence interval. We estimated the location, scale and shape parameters of the GEV distribution using the L moments method (for a discussion about the different estimation methods, consult Hosking [1990] , Martins and Stedinger [2000] , Coles [2001] , and Morrison and Smith [2002] ).
[36] As in previous studies [e.g., Morrison and Smith, 2002; Northrop, 2004] , we found that the location and scale parameters of the GEV distribution exhibit log-log linearity with respect to drainage basin area (Figure 8) .
[37] The shape parameter exhibits decreasing behavior (in the log linear domain) as a function of drainage area. Previous studies found that the shape parameter does not show large decreasing or increasing trends as a function of area [e.g., Morrison and Smith, 2002; Northrop, 2004] . Magnitudes of the shape parameters are generally positive and many have "large" values suggesting very thick upper tails. For about 32% of the stations, the shape parameter is larger than 0.2 and for about 9% of the stations the shape parameter is greater than 0.33. A shape parameter of 1/3 implies that moments of order 3 and higher are infinite.
[38] Tropical cyclones play an important role in producing large values of the estimated GEV shape parameter. To investigate the effect of tropical cyclones on the upper tail of the flood peak distribution, we have compared the shape parameters obtained from the full record against those obtained from the series without the peaks caused by tropical cyclones. As shown in Figure 9 , removing tropical cyclone flood peaks significantly lowers the estimates of the shape parameter.
[39] Upper tail thickness, as reflected in the estimated GEV shape parameter, varies systematically over the study region (Figure 10 ). We have heavier tails on the eastern ridge of the Appalachian, and on the coastal areas from Florida up to Connecticut and Massachusetts. We observe lighter tails on the western side of the Appalachian mountains and the northeastern United States. Figure 10 (bottom) illustrates differences between the shape parameters for the entire series and for the subset obtained by removing the flood peaks caused by tropical cyclones. Pronounced decreases in estimated shape parameters are observed for much of the eastern United States from North Carolina to New Jersey and east of the western margin of the central Appalachians.
[40] We also examined upper tail flood properties through spatial representation of the fraction of the largest ten peak discharges that are caused by tropical cyclones (Figure 11) . Some of the largest percentages are in the Florida area, where 80%-90% of the ten largest peaks were caused by Figure 11 . Map with the percentage of the ten largest flood peaks that were caused by tropical cyclones. tropical cyclones. In the eastern part of the Appalachians up to the New York-New Jersey area, between 30% and 70% of the ten largest peaks are caused by tropical cyclones. These percentages tend to decrease northward and westward in the study domain, matching the seasonality of the tropical cyclone-induced flood peaks (Figure 7) .
Scaling and Spatial Heterogeneity
[41] The scaling relationship (equation (4)) and normalized flood quantiles (equation (5)) were used as the basis for examining scaling and heterogeneity of flood peaks over the eastern U.S. study region. The fundamental goal of these analyses is to examine the variation of flood peak distributions over the region, accounting for the scale dependence of flood peak distributions.
[42] The first step is to estimate the scaling functions a( p) and b( p) from equation (4). We estimate them from the flood peak time series up to the 0.95 quantile. For p equal to 0.99 (which corresponds to the 100 year flood), we use the value obtained from the fitted GEV distribution due to the uncertainties associated with the estimation of large quantiles from a limited record.
[43] The estimated values of( p) (in m 3 /s) increase from approximately 100 m 3 s −1 for the 0.05 quantile to approximately 800 m 3 s −1 for the 0.99 quantile ( Figure 12 ). As noted in section 2.3, a( p) is the regional flood magnitude with return interval of ( 1 1Àp ) for a basin with drainage area A 0 , which is taken to be 1000 km 2 . The exponent decreases from about 0.86 to about 0.68 as p increases from 0.05 to 0.99. For values of p up to approximately 0.8,( p) increases linearly with p and( p) decreases linearly with p. For larger values of p, we observe a rapid increase in(p) and decrease in( p). Moreover, we observe a good agreement between the estimates of a( p) and b( p) from the data and from the parametric form, indicating that the GEV distribution fits the data well.
[44] Given the estimators( p) and( p), we can compute the normalized at-site quantiles R i ( p) from equation (5) for each station. We have summarized the results in Figure 13 for the median annual flood ( p of 0.5) and the 20 year flood ( p of 0.95). The spatial pattern of flood magnitudes is comparable for other return intervals (figures not shown), although there is a tendency for broader distributions of the normalized quantiles with more extreme values, for larger values of p (Figure 14) (the crosses represent the 1st and 99th percentiles, the limits of the whiskers represent the 5th and 95th percentiles, the limits of the boxes represent the 25th and 75th percentiles, and the horizontal lines and the squares inside the boxes represent the median and mean, respectively). [45] Analyses show that there is striking spatial heterogeneity in flood distributions over the region (recall that values of the normalized quantiles greater than 1 are larger than the regional norm, while those less than 1 are smaller). In general flood magnitudes are larger in mountainous terrain of the central Appalachians and smaller in the low-gradient Coastal Plain of the east coast and in the northeastern United States. Heterogeneities of flood distributions are tied to the dependence of hydrologic and hydraulic response to basin physiographic properties, as well as the spatially varying "mixtures" of flood-generating mechanisms described above. Assumptions of homogeneity over subregions (as in the work by Smith [1989] , for example) should be supplanted by procedures that directly address the systematic spatial heterogeneities in flood peak distributions.
Conclusions
[46] In this study we examined the distribution of flood peaks for the eastern United States using annual maximum flood peak records from 572 USGS stream gaging stations with at least 75 years of observations. Our findings can be summarized as follows.
[47] 1. Flood peak distributions for the eastern United States can be represented through "mixtures" of flood generating mechanisms. Landfalling tropical cyclones play an important role in the mixture of flood generating mechanisms, with the frequency of tropical cyclone floods exhibiting large spatial heterogeneity over the region. Flood mixtures are also reflected in strong seasonal dependence of flood peaks. Warm season thunderstorm systems during the peak of the warm season and winter-spring extratropical systems contribute in complex fashion to the spatial mixture of flood frequency over the eastern United States.
[48] 2. Statistically significant change points in mean and/or variance of the flood peak series were detected by means of the Pettitt test. Change points could be linked to anthropogenic effects, such as changing river regulation, changes in the land use-land cover of the basin, and relocation of the measuring station. Change points were more frequently found in the northern half of the study domain. It is also possible that some of these change points are related to abrupt climatic changes, particularly in the 1970s [e.g., Karl and Knight, 1998; Enfield et al., 2001; McCabe and Wolock, 2002; Mauget, 2003] . Since this area has experienced large changes in land use-land cover and regulation, it is hard to separate climatic from land use effects.
[49] 3. Only a small fraction of stations exhibited significant linear trends. For those stations with trends, there was a split between increasing and decreasing trends. No spatial structure was found for stations exhibiting trends. There is little indication that human-induced climate change has resulted in increasing flood magnitudes for the eastern United States.
[50] 4. Estimated parameters for the GEV distribution (for stations satisfying the stationarity assumption) were used to examine upper tail properties of flood peak distributions, scaling of flood peaks, and spatial heterogeneity of flood peaks. We found that the location and scale parameters tend to scale linearly in the log-log domain as a function of drainage area. We also found a tendency of the shape parameter to decrease as a function of drainage area.
[51] 5. Tropical cyclones have a large impact on the upper tail of the flood peak distribution. Comparison of the shape parameters obtained from the entire series versus those computed after excluding the flood peaks caused by tropical Figure 14 . Box plot of R for different quantiles. The box plot for the 0.99 quantile was obtained from the GEV distribution. The crosses represent the 1st and 99th percentiles, the limits of the whiskers represent the 5th and 95th percentiles, the limits of the boxes represent the 25th and 75th percentiles, and the horizontal lines and the squares inside the boxes represent the median and mean, respectively. cyclones highlights how the former are smaller than the latter ones. This suggests that the apparent heavy tails of flood peak distribution are the results of mixtures of different flood generating mechanisms.
[52] 6. Regional scaling analyses were used, along with the normalized at-site quantiles, to show that flood peak distributions for the eastern United States exhibit pronounced spatial heterogeneity. In general, the largest flood magnitudes are concentrated in the mountainous central Appalachians and the smallest flood peaks are concentrated along the low-gradient Coastal Plain and in the northeastern United States. Flood frequency procedures which directly address the systematic spatial heterogeneity of flood peak distributions should be addressed.
